This paper evaluated user interaction with the graphical user interface of WRESTORE, an environmental decision support system (EDSS) for watershed planning that utilizes user ratings of design alternatives to guide optimization. The following usability metrics were collected for stakeholders as well as surrogates (who are often used for DSS development due to time or cost constraints): task times across sequential sessions, percentage of time spent and of mouse clicking in different areas of interest, and trends in self-reported user confidence levels. Task times conformed to theoretical models of learning curves. Stakeholders, however, spent 15% more time and made 14% more mouse clicks in information gathering areas than surrogates. Confidence levels increased over time in 67% of stakeholders, but only in 29% of surrogates. Relationships between time spent or mouse clicking events and confidence level trends indicated that confidence ratings increased over time for users who conducted more information gathering. This study highlights the importance of increasing user interactions within information gathering areas of an interface to improve user-guided search, and suggests that developers should exercise caution when using surrogates as proxies for stakeholders. It also demonstrates a quantitative way to evaluate EDSS that could assist others developing similar tools. Key words | decision support system, genetic algorithms, human-computer interface, participatory design, planning, usability improve stakeholder adoption of watershed plans, and for successful restoration of watershed ecosystems impacted by land-use changes, climate change, etc. (Gregory ; Jakeman et al. ; Voinov & Bousquet ; Babbar-Sebens et al. ). The goals of these watershed restoration plans are to improve the hydrological and ecological functions of the land, without deterioration of the existing agricultural and recreational services provided by the watershed (Kelly & Merritt ). Diverse best management practices (BMPs), such as wetlands, filter strips, grassed waterways, cover crops, no-till practices, among others, have been proposed as solutions to prevent or reduce pollutant loads in water bodies, and for mitigation of flood events through runoff control and peak flow reduction (Ice ; Arabi et al. ; Artita et al. ).
INTRODUCTION
Decision support systems (DSSs) are commonly used to support the design of watershed plans for sustainable management of water resources and landscapes ( Jakeman et al. ; Lavoie et al. ) . In recent years, stakeholders' participation in the planning and design process has been recommended as an approach to Achieving an optimal distribution and selection of BMPs that is also acceptable to the stakeholder community is an inherently complex process. Multiple researchers have investigated coupled simulation models and optimization algorithms to identify the optimal distribution of BMPs in a watershed (e.g., Arabi et of 'optimal' design alternatives, and because of this the use of optimization algorithms in watershed planning has been criticized by some (Mendoza & Martins ) .
In an attempt to find more effective ways to include stakeholders in the design process and potentially increase adoption of BMPs, researchers have begun to explore approaches, including those that use information technology, to provide platforms where the affected stakeholders can express their unique socio-economic and subjective constraints during the design process. For example, analytical approaches such as systems dynamics models (Metcalf EDSS that sought to create a consensus for solutions/ options for surface water allocation and groundwater pumping rates, using qualitative and quantitative methods. The qualitative methods involved non-standard usability questionnaire data, while quantitative methods provided information on task times for different activities, but they did not consider any measurement of the GUI's usability. In this study, we used these metrics to evaluate a new, webbased participatory EDSS called WRESTORE (watershed restoration using spatio-temporal optimization of resources; http://wrestore.iupui.edu/). WRESTORE has been recently developed with the goal of allowing stakeholders, policymakers, and planners to participate in the design of a spatially distributed system of BMPs in a watershed. WRESTORE uses a modification of the IGAMII (interactive genetic algorithm with mixed initiative interactions -Babbar-Sebens & Misnker ) algorithm to engage users in a human-guided search (HS) process that is targeted towards identification of userpreferred alternatives. In WRESTORE, users are shown multiple design alternatives and are asked to provide a qualitative rating of the candidate designs based on their preferences and subjective criteria. This user rating is then used as an additional objective function in the search algorithm to search for similar or better alternatives that would have design features liked by the user. In summary, WRESTORE optimizes five objective functions: four objective functions are related to the physical performance of the BMPs within the watershed (specifically, maximize peak flow reduction, maximize reduction in sediment load, maximize reduction in nitrate load, and minimize economic cost), and one objective function (maximize user ratings) is related to the user's qualitative rating of the newly found design alternatives. 
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OBJECTIVES
The aim of the study was to use an observational approach to determine how participants used the GUI of the WRESTORE EDSS, as they gathered information and made decisions in order to rate different design alternatives. This kind of system, that includes direct participation of stakeholders in the optimization process, is relatively new in the field of watershed planning and management, and also in the field of EDSS. As mentioned earlier, since the GUI is the primary mechanism to collect the user ratings from end users, it is important to determine if it can support the necessary functions for a user to be able to easily: (a) gather information about the candidate design alternatives, H2. As stakeholders are directly affected by the issues and implementation decisions related to the watershed, we expect that they will use the tool more effectively, and spend a greater percentage of their time utilizing the information gathering areas of the interface than surrogate users will.
H3. Similarly, we expect that stakeholders will focus their attention on the more informative areas of the interface and therefore have a higher percentage of mouse clicks than surrogates in the information gathering areas of the web-interface.
H4. As users gain experience by interacting with the tool and develop a better understanding of the performances of different design alternatives, we expect that their overall self-reported confidence levels will increase over time, resulting in a positive trend. 
Web-tool WRESTORE evaluation
Participants Twenty-three participants volunteered for the study. We Three participants' data sets were excluded from the analysis. One participant (a stakeholder) quit the study before finishing, leaving an incomplete set of answers. The other two participants (a stakeholder and a surrogate user) failed to follow the instructions. Therefore, 20 participants' data sets were analyzed (six stakeholders -five males, one female; 14 surrogatessix males, eight females).
We also want to note that for seven participants in the surrogates group, the tool used a different underlying hydrology model (used by the optimization algorithm to calculate the four physical objective functions). However, since the GUI features were identical for all participants, it can be reasonably assumed that the underlying differences in the physics of the hydrological model did not affect the userinterface interaction and experience.
Design procedure
While the study was designed to test user interaction with the tool and its ability to generate designs that agreed with the user's subjective criteria, this article only reports the findings on the user-tool interaction. Babbar-Sebens et al. 
MEASURES OF USER INTERACTION WITH THE INTERFACE
This section introduces the different usability metrics, or response variables that were employed to evaluate the user's interaction and usability of the WRESTORE tool.
Overall task times
We assessed the participant's ability to navigate and learn the tool by evaluating the mean task times across successive 'I' sessions and also across successive 'HS' sessions, during which design alternatives were presented to the user via the GUI. Task times for each session were recorded and used to infer how quickly participants learned to use the tool interface efficiently. When the participants were not using the tool (e.g., taking a break), they were instructed to press the 'Save all' button, so that we could consider these off-task time intervals as outliers and exclude them from the task time analyses.
These events were saved in a database as 'Save all maps', and removed during the post-processing analysis, along with 'Quit' events. However, there were some occasions when some participants failed to click the 'Quit' or 'Save all' buttons, resulting in excessively long task times. To remove these outliers, we excluded the task time values that were greater than two standard deviations from the mean task time across all considered sessions, for each participant.
Mean percentage of time spent in different AOIs
In order to determine where users were focusing their attention, we compared time spent in each AOI (Info, Eval, and Other described in the section 'Web-tool WRESTORE evaluation' and sub-section 'Participants'). The percentage of time spent (pts i,j,m ) was calculated using:
where pts i,j,m is the percentage of time spent, i is an index that goes from one to three and represents each AOI, j is an index that goes from one to five and represents I or HS sessions. Data from HS1_1 to HS6_2 sessions were grouped together into blocks of HS sessions in order to conduct a temporal analysis that was based on alternating session types. Therefore, if j is an even number it represents an This mean was grouped by session type and by group. Therefore, to calculate the mean percentage of time spent by AOI we used:
where MPTS i,j is the percentage of time spent in each AOI i and N is the total number of participants in the group.
Mean percentage of mouse clicking events by AOI
The same AOIs described in the section 'Web-tool WRESTORE evaluation' and sub-section 'Participants'
(Info, Eval, and Other) were used to track the mouse clicking events, and monitor user interactions with different areas of the interface. As the total number of clicking events varied between participants, the percentage of clicking events in each session was calculated for each participant, and for each group (surrogates and stakeholders).
For each participant, we used the following general formula: The percentage for each group was calculated using the mean value of all the participants within the group.
Therefore:
where PG i,j is the percentage per group per i th AOI, and N is the total number of participants per group.
Confidence levels
Confidence level indicates how confident the participant felt about his/her own user rating (I like it, Neutral, or I do not like it). User's confidence in his/her user ratings were indicated via the confidence level slider bar (component (iv)
in Figure 1 ) that ranged in its scale from 0 to 100, and could be modified by the user during the session. Participants were thus separated into three confidence level trend groups (positive, negative, and no trend). Finally, we attempted to identify similarities and differences between participants who showed positive, negative, and no trend in confidence levels, and relate them to their interface behavior (i.e., time spent and mouse clicks) concerned with information gathering.
Relationships between confidence levels, time spent, and mouse clicking events
We fitted trend curves to usability data (i.e., time spent and number of mouse clicks) in order to determine any underlying patterns and relationships for participants within each confidence level trend (positive, negative, or no). We also compared the differences in these trends for Info and Eval type events. To select the best trend curve model, we used a combination of the coefficient of determination, and three versions of the Akaike information criterion (AIC).
The AIC provides the relative quality of a proposed model in a given data set, dealing with the goodness of fit and the complexity of the model. A lower AIC value indicates higher preference for a model. Three approaches for calculating AIC were used, based on the following equations:
where L is the likelihood of the model, K is the number of parameters, n is the sample size, AIC is the standard equation
for the Akaike's information criterion, AIC Res is based on the least square regression (assuming normal distribution), and AIC C is the second order AIC that includes a penalization for small sample sizes (cited after Mazerolle ).
RESULTS
In this section, we present the results from the data analysis for the task time, percentage of time spent in each AOI, percentage of mouse clicks in each AOI, and confidence level trends, as well as the relationships between these variables.
Overall task times
We first assessed participants' mean task times for each session. The mean for each group (surrogates and stakeholders) was calculated and the results were separated according to the type of sessions (i.e., I or HS). Results for surrogates showed that in earlier sessions (for both I and HS) the mean task time and the standard errors were greater than in later sessions. Similar results were found for stakeholders in the I sessions. However, stakeholders' mean task times for HS sessions were somewhat more variable. Newell & Rosenbloom ; Estes ; Jaber ), with a coefficient of determination >0.9 for both groups. However, we observed that the stakeholders' learning curve started at a higher value of mean task time than that of the surrogates.
Stakeholders' mean task times decreased by 85% from I1 to I3, while surrogates' mean task times decreased by 74% from I1 to I3. This effect shows that the task might have seemed more challenging for the stakeholders in the first I session when they were still getting used to the interface, but as time progressed, their mean task time decreased to a value lower than the surrogates', in the last I session.
Variability also decreased over time for both groups.
We also compared the task times of HS sessions for the two groups (Figure 3 ), where the main task of participants was to compare and evaluate newly generated design alternatives, and provide feedback on these designs to help guide the search algorithm in creating new design alternatives for the next HS session. Figure 3 shows two different learning curves for surrogates and stakeholders. Surrogates showed continuous learning with a decrease in average time across HS sessions. Surrogates' behavior fit the power learning curve with a coefficient of determination of R 2 ¼ 0.87. The mean task times for stakeholders, although generally higher than surrogates, poorly fit the theoretical power learning curve, resulting in a coefficient of determination of R 2 ¼ 0.23. This fit is substantially lower than the R 2 value previously obtained for the stakeholders' I sessions, primarily due to the higher variability of the mean task times within HS sessions. On average, the standard error for stakeholders in the HS sessions was 62% larger than that for surrogates.
Mean percentage of time spent in different AOIs
To determine which areas of the interface were capturing users' attention and encouraging interaction, we analyzed the mean percentage of time spent within the different AOIs for each group. Figure 4 shows a pie chart table that compares surrogates and stakeholders for all sessions. On average, stakeholders spent 15% more time on information gathering than surrogates, while surrogates spent more time in the Eval and Other AOIs (8% and 7%, respectively, greater than stakeholders). Table 1 summarizes the data in Figure 4 , and presents the overall mean percentages of time spent (averaged across sessions) and 95% confidence intervals (CIs) for surrogates and stakeholders in each AOI.
Mean percentage of clicking events in different AOIs
To determine which areas of the interface were capturing users' attention and encouraging interaction, we also analyzed We calculated 95% CIs for overall mean mouse clicking events, similar to the analyses in Table 1 for time spent. Table 2 presents the overall mean percentages of mouse clicks (averaged across sessions) for surrogates and stakeholders in each AOI.
Confidence levels
For each participant, and for each of the rating classes (i.e., I like it, Neutral, and I do not like it), a Mann-Kendall trend test was performed to identify if there were monotonic trends in the mean confidence levels across consecutive sessions. The results were separated according to positive, negative, or no trends, based on the results over time. A positive trend indicated that users were becoming more confident over time about the ratings they provided for the designs. On the other hand, a negative trend indicated that they were becoming less confident over time. In summary, 40% of all of the participants showed a positive trend in at least one of the rating classes. For the stakeholders group, 67% of the participants showed a positive trend, while just 29% of the participants in the surrogates group showed a positive trend. It is, however, important to mention here that these trends were calculated for the sessions that lasted until the end of I3. It is possible that if participants continued beyond I3 then they could change their trends, especially if the additional engagement during the interactive search process improved their reasoning process and led to a change in their confidence levels.
Relationships between confidence levels, time spent and mouse clicking events
We also associated the mean percentage of mouse clicks for information gathering and the mean percentage of time spent for information gathering (Table 3) with each of the trends in mean confidence levels reported in the previous sub-section. Results showed that participants with a positive trend in mean confidence levels also had 13% more mouse [27, 45] clicks than participants with a negative trend, and 9% more mouse clicks than participants with no trend in AOIs related to information gathering. Participants with a positive trend in mean confidence levels spent 1% more time than participants with a negative trend, and 12% more time than participants with no trend in AOIs related to information gathering.
As was suggested earlier, it is possible for participants to experience changes in the trends of the means of their confidence levels, during the course of their interaction with the tool. Therefore, we identified participants who had interacted with the WRESTORE tool beyond the I3 session, and re-evaluated the trends in their interaction data by including the data from the additional sessions after I3. the results for all of the available data from each participant, which includes data from additional sessions for participants who progressed beyond I3. It can be seen that while the classification of trends in mean confidence levels remained the same for the majority of participants (see Figure 6 (a) and 6(c)), the trend for Participant 2, however, changed from no trend (for sessions from I1 to I3) to positive trend (for sessions from I1 to I5). This indicates that when Participant 2 engaged actively with the tool longer than I3, she/he was eventually able to improve her/his confidence in the user ratings provided during the experiment.
Results also showed that, for the Eval AOI (Figure 6(b) and 6(d)), there is no clear separation between the responses for each trend, irrespective of how long the experiment lasted. Table 4 shows the comparison of the R 2 and three different AIC values obtained for four different approximations, generated using the results of the sessions 
DISCUSSION
In this paper, we analyzed usability metrics for a novel, webbased tool, WRESTORE, which supports decision-makers in the search and design of alternatives for allocating Four main usability metrics were considered for the analysis: task time evaluation, percentage of time spent in different AOIs, percentage of mouse clicking events in different AOIs, and trends in mean confidence levels.
Overall task times
We evaluated overall task times in order to assess participants' efficiency in using the tool interface. Overall task times decreased across repeated sessions following a power learning curve. The results are consistent with hypothesis H1, where it was stated that over time, users should become more efficient in using the interface as they learn how to navigate and use the different features. I sessions followed a power learning curve for both surrogates and stakeholders, but stakeholders showed a greater decrease in overall task time for I sessions than surrogates.
HS sessions also followed a power learning curve for the surrogates. However, the mean task times for stakeholders were much more variable, resulting in a poor fit to the expected learning curve. The differences in mean task times across stakeholders may be due to the following potential reasons: (1) some abnormally large task times that were still within two standard deviations from the mean and hence were not excluded as outliers, possibly related to a re-learning process due to the lag time between sessions,
(2) small sample size of stakeholders, or (3) existence of two learning curves instead of one overall learning curve as seen by an apparent increase in the time spent again at the start of the second block of HS sessions (i.e., HS1_2 in H2, where we predicted that because the stakeholders are directly affected by issues and actions in the watershed, they will use the tool more effectively and their percentage of time spent in information gathering areas of the interface would be greater than for the surrogates.
Mean percentage of clicking events in different AOIs
These results help to understand how different groups were using the interface to perform the tasks. The higher percentage of mouse clicking events for stakeholders vs. surrogates in Info AOIs supports hypothesis H3 and is consistent with the results reported above for mean percentage of time spent. Surrogates and stakeholders behave differently regarding information gathering. On average, the majority of stakeholders tend to make more mouse clicks to gather information from the user interface in order to make their decisions. Surrogates, on the other hand, do not explore the information gathering areas of the interface as much, making fewer mouse clicks in these regions. This could be a consequence of lack of interest in the task, or a lack of information about the tool's goals.
Confidence levels
Previous work using confidence levels, showed a positive trend as experimental time progressed (Babbar-Sebens & Misnker ). A positive trend indicates that mean confidence levels increase over time as users gained experience with the tool. However, we did not find that mean confidence levels increased for all of the users. Therefore, hypothesis H4 was only partially supported.
Our results showed that just 40% of participants exhibited a positive trend in mean confidence levels over time.
Nevertheless, there was a clear distinction between surrogates and stakeholders in relation to these trends.
Approximately 67% of the total stakeholder participants presented a positive trend, while just 29% of the total surrogate participants presented a positive trend.
Relationships between confidence levels, time spent, and mouse clicking events
The section examines the results on the relationships between trends in mean confidence levels, time spent, and mouse clicking events. The results in Table 3 help to support hypothesis H5 that states 'when users spend more time and make more mouse clicks in information gathering areas, their mean confidence levels increase over time'. An analysis of the relationship between time spent, clicking events, and mean confidence level trends indicates that participants with a positive trend had a larger number of clicking events per unit time spent in information gathering areas, compared to participants with a negative trend. This may indicate that if a participant interacts with the interface to gather more information on the design alternatives for the same amount of interaction clock time (i.e., the time spent), then there exists a probability for them to either improve their self-confidence over time or maintain a steady value over time. In addition to the slope, the fitted value of the exponent in power curves was also lower for the negative trend than for the positive trend in mean confidence levels. In the Eval AOI, no clear difference across confidence level trends was observed.
CONCLUSIONS AND FUTURE WORK
This research adapted and applied usability techniques to a set of data collected with the WRESTORE tool to evaluate its performance and usability. Quantitative usability evaluations of EDSS are not typically conducted for these types of EDSS systems. However, this approach can offer valuable insights into the ways that these tools will be used. Overall, this work provided two substantial contributions: (1) determination and validation of usability and metrics for participatory design tools based on information technologies and (2) evaluation of differences between how surrogates (volunteers) and stakeholders (end users) use such interactive design tools.
WRESTORE was developed for the Eagle Creek Watershed, in Indianapolis, IN, with the goal of providing a more democratic venue for stakeholders to engage with the watershed community in the design of alternatives for spatial allocation of conservation practices. The tool was initially tested by surrogates who were not intimately involved with the issues and concerns in the watershed. Their feedbacks were recorded and saved for later analysis. Then, the tool was tested with stakeholders (i.e., potential end users) to determine if the findings from surrogates held true for the actual end users.
As the majority of usability tests are performed by students or volunteers, we wanted to track possible differences in responses between the tested group (surrogates) and the end users (stakeholders), and analyze to what extent the results from surrogates would be reflected in the behaviors of stakeholders. From the overall task time analysis, we concluded that the participants of both groups became more efficient as they learned how to navigate and use the tool's features. Generally, overall task times decreased across repeated sessions. Therefore, surrogates can potentially be used as proxies for stakeholders for overall task time analysis and improvements. However, they differ in other potentially important regards, as discussed below.
As for how users focused their attention in terms of time spent across the different AOIs, results showed that stakeholders expended more time than surrogates in gathering information about the performance of the different design alternatives. This could be a result of the motivation of stakeholders in creating a designed distribution of BMPs that better suits their interests. Surrogates that were not involved with the watershed may have lacked this motivation. Similarly, as we predicted, a higher percentage of mouse clicks were made on the information gathering areas by stakeholders vs. surrogates.
We also noticed that the majority of the stakeholders showed an increase in their mean confidence levels over time, while the surrogates did not. A comparison among trends in mean confidence levels showed that positive and no trends were associated with more information gathering activity. Surrogates that did less information gathering were more likely to show a decrease in their confidence levels. As observed, for one of the participants (Participant 2), extensive information gathering over repeated sessions can also lead to a later positive change in the trend of mean confidence levels (see Figure 6 ).
A potential limitation of this initial investigation of the tool's usability is that it only involved a specific group of stakeholders, who work at federal and state agencies and nongovernmental organizations in programs that support the implementation of conservation practices in the watershed, but future plans include experimentally testing the tool on a wider range and a greater number of stakeholders, including farmers. Additionally, we specifically chose quantitative usability metrics as this type of analysis had been previously neglected in the literature, but in future work we also plan to include follow-up questionnaires to further investigate user reasoning and evaluate user self-reports along with the quantitative data.
This quantitative analysis of usability metrics has led to the following suggestions for improving the WRESTORE tool, which may also be of interest to other researchers developing EDSS:
1. Decrease the time that the user has to expend for giving feedbacks, particularly reducing the number of sessions they need to go through in order to avoid user over-fatigue (Butler & Winne ), when it is apparent that the user has become efficient at using the tool; overall task times can be a useful indicator for this.
2. Motivate the use of the AOIs related to information gathering to focus users' attention on more informative aspects of the interface and also increase the confidence levels of the users. This motivation could be achieved through interface development that emphasizes the exploration of areas where users have the opportunity to gather more information by clicking through menus, graphs, maps, and improved data visualizations to allow better comparisons among design alternatives.
3. Provide a final 'summary' session that recapitulates the findings and designs of desirable alternatives found by the users.
